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The authors use the techniques of decomposition analysis to explain differences in survival rates between different groups of 1st year undergraduate students at the University of Ulster in Northern Ireland and explain how much of the overall inequality in survival rates can be explained by inequality within groups and how much can be explained by inequality between groups.
They find that 45.1 per cent of the observed difference of 8.2 points in survival rates between female and male students can be explained by gender whereas only 1.4% of the observed difference of 7.4 points in survival rates between Protestant and Catholic students only 1.4% can be explained by religion.   Therefore, attribute differences are important in explaining differences in survival rates between males and females, but not between Protestants and Catholics.
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Gender and Religious Differences in Survival Rates
An important methodological tool in economics is that of decomposition analysis (Oaxaca, 1973; Blinder, 1973).  Very often we observe differences between two groups (for example, average male wages are higher than average female wages) but we are unsure as to its proximate causes.  For example, are higher male wages due to employer discrimination in favour of men and against women; or are higher male wages due to men being generally better qualified than women.  The first explanation suggests that when estimating a wage equation we would expect to find that men had more favourable coefficients than women: the same attribute (say, a degree in engineering) would be rewarded more highly if it was possessed by a man than by a woman.   The second explanation suggests that men were better workers than women: for example, more men had degrees compared to women or that the average length of work experience was higher for men than for women.  Decomposition analysis attempts to disentangle these strands by estimating how much of the overall difference is due to “coefficient differences” and how much is due to “attribute differences”.

These ideas may be applied to differences in survival rates between female and male students. [Footnote 1] We observe, on average, that the survival rate was higher for female first year students, than for male.  An interesting question to which the preceding analysis gives rise to is whether the coefficients of the survival equation vary by gender? And, if they do, how much of the overall difference between men and women in their survival rates can be explained by differences between them in their coefficients and how much can be explained by differences between them in their attributes? 
For example, part of the higher survival rate of women may be due to the fact that women are more likely than men to survive on every course type (for example, women may work harder and/or attend classes more regularly; in consequence, for every type of course, female coefficients are more favourable for survival than male coefficients); however, part of the female-male difference in their overall survival rates  may be due to fact that women are more likely to take high survival rate courses (like Nursing) compared to men who are more likely to take low survival rate courses (like, Engineering).  So, part of the difference in survival rates between female and male students is due to inter-gender “coefficient differences” (women are better students than men) and part is due to inter-gender “attribute differences” (compared to men, women are more disposed to choose courses with high survival rates).   
In order to estimate the relative sizes of the “coefficient difference” and the “attribute difference” we use the following decomposition method (due to Borooah and Iyer (2005)).  Suppose two groups of students are being compared: male (k=M)) and female (k=F) and that there are a total of  students,  and. Being the proportions, respectively, of male and female students,  .  
Let  represent the average probability of survival, this  average being computed over all the students (i.e. male and female) when their individual attribute vectors (the ) are all evaluated using the coefficient vector of group r (). Equivalently,  is the average probability of the outcome, computed over all the students, when all of them are treated as belonging to group r.  Hereafter,  is referred to as the group r synthetic survival rate.  Suppose for two groups, r=F and s=M, . Then the difference in synthetic survival rates, , represents the greater advantage of female over male students.  This difference is identified as the “coefficients effect” because it is entirely the consequence of a given set of attributes (that of all the N students in the sample) evaluated using different coefficient vectors. [Footnote 2]     
The difference between the observed survival rate [Footnote 3] () and the male synthetic outcome rate (), may be regarded as being due to attribute differences between male and female.  More formally:
		 MACROBUTTON MTPlaceRef \* MERGEFORMAT (1)
Equation (1) says that the difference between the observed outcome and the synthetic outcome rates of male students () is the weighted difference in average probabilities arising from male and female attributes being evaluated using the male coefficient vector estimates (, the weight ( ) being, the proportion of female students.  Similarly:
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Equation (2) says that the difference between the observed and the synthetic survival rates of female students () is the weighted difference in average probabilities arising from male and female attributes being evaluated using the female coefficient vector estimates (, the weight ( ) being, the proportion of female students.  Combining equations (1) and (2) yields:
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Equation (3) says that the difference in observed survival rates between male and female students () can be written as the sum of a coefficients effect and an attributes effect. The coefficients effect, , is the difference between male and female students in their synthetic outcome rates. The attributes effect is a weighted average of the difference in survival rates when male and female attributes are evaluated at male coefficients (weight: proportion of females in the sample, ) and the difference in survival rates when male and female attributes are evaluated at female coefficients (weight: proportion of males in the sample, ).
Table 1 goes here
Table 1 shows that the observed survival rates for the 5,124 female, and 3,484 male, students were 86.9 and 78.7 percent, respectively,  i.e. .   On the other hand, the female and male synthetic survival rates were, respectively,  85.2 and 80.7 percent i.e. .  Thus, of the observed difference of 8.2 points in survival rates between female and male students, 4.5 points (or 54.9 percent) could be explained by “coefficient differences” - and the remainder, 45.1 per cent, by “attribute differences – between men and women. An identical exercise can be carried out for Protestant and Catholic students.  
Table 2 goes here
Table 2 shows that the observed survival rates for the 5,154 Catholic, and 3,210 Protestant, students were 88.1 and 80.7 percent, respectively, i.e. .   On the other hand,  the Protestant and Catholic synthetic survival rates were, respectively,  88.1 and 80.8 percent i.e. PP - PC = 7.3.  Thus, of the observed difference of 7.4 points in survival rates between the Protestant and Catholic students, 7.3 points (or 98.6 percent) could be explained by “coefficient differences” - and the remainder, 1.4 per cent, by “attribute differences” – between Protestant and Catholic students.   In conclusion, therefore, attribute differences can be seen to be important in explaining differences in survival rates between males and females, but not between Protestants and Catholics.
Analysis by Inequality Decomposition
Very often we observe inequality of outcomes between persons and construct summary measures of this inequality.  For example, income is unequally distributed between people and the Gini coefficient, computed over individual incomes, is a measure of inequality: a country with a higher Gini coefficient (computed over its incomes) has a greater amount of income inequality than a country with a lower Gini coefficient. We often think of people as belonging to different groups (male, female; Black White; Catholic Protestant).  One question that is of particular interest in the study of inequality is this: how much of the overall income inequality that we observe in a society can be explained by inequality within groups and how much can be explained by inequality between groups?     
The previous section used the econometric estimates to decompose the difference between male and female, and between Catholic and Protestant, first-year students, in their average survival proportions.  However, the estimated equations allow these survival probabilities to be predicted for each student in the sample, conditional upon the relevant values of the determining variables for the student.  Armed with a knowledge of these individual probabilities, how much of the overall inequality in these probabilities can be explained by a particular factor can be estimated.  For example, how much of the inequality in the survival probabilities can be accounted for by differences in: gender, religion, course type?
This section uses the methodology of ‘inequality decomposition’ to provide an answer.  Suppose that the sample of N students is divided into M mutually exclusive and collectively exhaustive groups with Nm (m=1…M) persons in each group.  Let  and  represent the vector of (estimated) survival probabilities of, respectively,  all the students in sample (i=1…N) and the children in group m.  Then an inequality index  defined over this vector is said to be additively decomposable if:
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where:  represents the overall level of inequality;   represents the level of inequality within group m; A – expressed as the weighted sum of the inequality in each group, wm being the weights – and B represent, respectively, the within-group and the between-group contribution to overall inequality.  
If, indeed, inequality can be ‘additively decomposed’ along the lines of equation (4) above, then, as Cowell and Jenkins (1995) have shown, the proportionate contribution of the between-group component (B) to overall inequality is the income inequality literature’s analogue of the R2 statistic used in regression analysis: the size of this contribution is a measure of the amount of inequality that can be ‘explained’ by the factor (or factors) used to subdivide the sample (gender; maternal literacy status etc.).     
Only inequality indices which belong to the family of Generalised Entropy Indices are additively decomposable (Shorrocks, 1980).  These indices are defined by a parameter  and, when =0, the weights are the population shares of the different groups (that is, );  since the weights sum to unity, the within-group contribution A of equation (4) is a weighted average of the inequality levels within the groups.  When =0, the inequality index takes the form: 
		 MACROBUTTON MTPlaceRef \* MERGEFORMAT (5)
where:  is the mean probability over the entire sample.  The inequality index defined in equation (5) is known as the Theil’s (1967) Mean Logarithmic Deviation (MLD) and, because of its attractive features in terms of the interpretation of the weights, it  was the one used in this study  to decompose inequality in the likelihood of being fully vaccinated and of receiving a nutritious diet.  
Table 3 goes here




These results, in turn, highlight three points. The first is that the level of inequality associated with the distribution of survival probabilities, across the 8,631 students, was actually quite low.  The values of the MLD index and of the Gini coefficient were 0.00458 and 0.05231, respectively [Footnote 4].    
The second point is that course type provided the best explanation for the observed inequality in the distributions of survival probabilities: nearly two-third (63.3 percent) of the inequality in predicted survival probabilities between students could be explained by differences in mean survival rates between course types [Footnote 5].  The third point is that gender and religion also provided good explanations for inequality in predicted survival probabilities:  nearly one-fourth (24.7 percent) of the inequality in predicted survival probabilities between students could be explained by differences in mean survival rates between male and female students;  nearly one-fifth (19.4 percent) of the inequality in predicted survival probabilities between students could be explained by differences in mean survival rates between students of different religious persuasions (Catholic, Protestant, and other religions).  
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Table 1 - The Decomposition of Survival Rates 
Between Female and Male Students

 	(%)
Observed  Survival Rate for Female Students (QF)	86.9
Observed Survival Rate for Male Students (QM)	78.7
Difference in Observed Survival Rates ((QF-QM)	8.2
 	 
Synthetic  Survival Rate for Female Students (PF)	85.2
Synthetic Survival Rate for Male Students (PM)	80.7
Difference in Synthetic Survival Rates ((PF-PM)	4.5
 	 
Proportion of Observed Difference Due to Coefficient Differences Between Male and Female Students = (4.5/8.2)*100	54.9
Proportion of Observed Difference Due to Attribute Differences Between Male and Female Students =100-54.9 	45.1

Analysis for 5,124 female and 3,484 male students


Table 2 - The Decomposition of Survival Rates 
Between Protestant and Catholic Students

 	(%)
Observed  Survival Rate for Protestant  Students (QF)	88.1
Observed Survival Rate for Catholic  Students (QM)	80.7
Difference in Observed Survival Rates ((QF-QM)	7.4
 	 
Synthetic  Survival Rate for Protestant  Students (PF)	88.1
Synthetic Survival Rate for Catholic  Students (PM)	80.8
Difference in Synthetic Survival Rates ((PF-PM)	7.3
 	 
Proportion of Observed Difference Due to Coefficient Differences Between Protestant and Catholic Students = (7.3/7.4)*100	98.6
Proportion of Observed Difference Due to Attribute Differences Between Protestant and Catholic Students =100-98.6	1.4
Analysis for 5,154  Catholic and 3,210 Protestant students


















Analysis over 8,631 students
Course type:	Art and Design; Business and Management (excluding Accounting); Engineering; Humanities and Languages; Computing and Information Technology; Science (excluding Nursing and other health-related); Social Science (excluding Social Work and non-Nursing health-related); Accounting; Nursing; and Social Work and non-Nursing health-related.








1.	The data for the analysis reported in this paper pertain to first-year students at the University of Ulster who enrolled in October 2002, 2003, and 2004.   For each of these students, the university’s records provided information about his/her:
a.	Programme of study and the course type: in total, there were 385 programmes of study across 10 course types.
b.	Whether the student continued, or did not continue, to the next year of his/her programme of study (survived/did not survive).
c.	Sex, social class, religion, ethnicity, disability (if any), domicile, marital status, year of entry, and basis for acceptance to the University (A-levels, HND etc.).
2.	More formally, , where F(.) is the probability of the outcome associated with the vector of attributes  for person i in group k when these are evaluated using the vector of coefficients  for group r, these probabilities  being computed from the logit model.  

3.	i.e. the proportion of males with that outcome.

4.	Not shown in Table 3.

5.	Art and Design; Business and Management (excluding Accounting); Engineering; Humanities and Languages; Computing and Information Technology; Science (excluding Nursing and other health-related); Social Science (excluding Social Work and non-Nursing health-related); Accounting; Nursing; and Social Work and non-Nursing health-related.
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